Abstract: Nature conservation is critical for securing an adequate supplying of environmental services to humans. Paradoxically, financial resources for conservation are normally scarce and, forest ecosystem restoration activities are expensive. So, a careful and detailed planning is vital for optimizing economic funds when ecosystems restoration practices are implemented. In this work, we developed a methodology to find physically-degraded sites in order to determine both, urgency and feasibility to carry out ecological forest restoration activities in the Priority Region for Conservation Xilitla in the state of San Luis Potosí (Mexico). Both, Universal Soil Loss Equation (USLE) and Multi-Criteria Decision Analysis (MCDA) were integrated together by using climatic, soil, remotely-sensed, and proximity data at a 30 m spatial resolution. The results indicated that, more than 80% of the bare soil land in the protected area is under several conditions that lead to feasible ecosystem restoration. This methodology can be further applied to know about the spatial location of soil degraded sites when planning forest restoration practices in natural protected areas.
Introduction
For centuries, soil has been affected by diverse environmental and anthropogenic factors, impacting significantly on its physical, chemical and biological properties, and placing it at some level of degradation [1] [2] [3] . Worldwide, more than 4.9 billion hectares (33%) have been affected by soil degradation processes [1] . In Mexico, during 1999, it was estimated that 95 million hectares (49% of the national territory) presented some kind of degradation in the soil, which increased to 125 million hectares (64%). Main causes of land degradation in Mexico by degree of occurrence are, urbanization with 57.6% , agricultural and livestock activities with 35%, and loss of vegetation cover with 7.4% [3] . There is an increasing interest in preventing, mitigating and reversing damage to ecosystems [4, 5] . So, a number of approaches to prioritize sites requiring actions for conservation/restoration based on different considerations are reported i.e., carbon stock [6] [7] [8] [9] [10] , sediment retention [11] [12] [13] [14] and biodiversity [15] [16] [17] . In this sense, some approaches have been developed to prioritize areas for restoration focusing on protecting those places that are special, mainly due to a benefit they are providing. For example, some authors have focused on the watershed outcomes as environmental services as a measure to prioritize land for restoration. Legge [18] proposed an approach based on the outcomes generated by the watershed for prioritizing areas for restoration. They combined three models i.e., HIT, SWAT and WWAT (High Impact Target, Soil and Water Assessment Tool, Michigan's Water Withdrawal Assessment Tool) and assigned the highest value to agricultural land where HIT model predicted high sediment loading, where WWAT estimated a low amount of groundwater as baseflow to streams, and on soils that would provide the highest groundwater recharge modeled in SWAT. Others have used the USLE model to prioritize watersheds that could have the more benefit in trapping sediment if would be restored [19] . For further reference on the objectives considered when prioritizing for restoration, they have been classified by targeting environmental benefits i.e., wildlife habitat, water quality, and water storage, among others [20] .
When dealing with soil degradation, it is particularly important the focus on preventing it from soil erosion [14, [21] [22] [23] . Particularly, the Universal Soil Loss Equation (USLE) allows estimating the annual soil loss due to water erosion, an important variable for the identification and planning actions, such as soil conservation and restoration practices. For example, Mohamed et al. [21] studied physicochemical soil degradation by determining erosion rate and salinity and sodicity levels as indicators of environmental risk in the northern coast of Egypt. Teshome et al. [22] used USLE to estimate erosion rates as indicators of effectiveness of soil and water conservation technologies in a mountainous region of Ethiopia. Meanwhile, others have applied the USLE model in a multi-temporal perspective to study dynamics of soil erosion rates through time. Meshesha et al. [14] estimated erosion change in a region of Ethiopia by using vegetation and land use data obtained from Landsat imagery for the years 1973, 1985 and 2006 , and designed potential scenarios to evaluate the effectiveness of watershed management for controlling soil loss. While Mancino et al. [23] estimated soil loss (USLE) in a region of southern Italy (Matera prefecture) under a multitemporal approach (1960, 1990 and 2010) . They considered land use as driving factor for diminishing erosion rates and supposed that land abandonment was the main cause of those changes. Further studies on temporal dynamics have investigated the impact of seasonality in estimating the C factor used in the USLE model, becoming particularly special when the focus of study is on intra annual variations of vegetation cover and its effect on soil erosion [24] .
To prioritize soil degraded areas, by considering some factors that may favor or limit the applicability of ecological restoration activities, Multi-Criteria Decision Analysis (MCDA) can be used [25] . This procedure works by combining geographic information into one-dimensional values considering expert preferences to achieve a particular goal [26, 27] . For example, Orsi and Geneletti [28] implemented the MCDA for the identification of priority areas for the restoration of the forest landscape in Chiapas, Mexico. On the other hand, Patel et al. [29] used MCDA for the characterization of suitable sites for building water conservation structures and to guide actions for the restoration of basins in an arid environment in east India. Rahman et al. [30] used MCDA to obtain the degree of soil erosion and thus, to plan environmental restoration activities in northwest China.
The Priority Region for Conservation Xilitla (PRCX), San Luis Potosi is one of the most important Natural Areas located in the Sierra Madre Oriental of Mexico focused for protecting forest ecosystem and preventing degradation as a strategy for climate change adaptation and mitigation The goal of the initiatives for fostering the sustainable development into the PRCX is the implementation of ecosystem management practices to restore the watershed functionality and then improving the water cycle, and also increasing carbon capture by establishing tree plantations while restoring degraded soil [31] .
The main idea of this research is to present a methodology to improve the identification of degraded land for being ecologically restored. Degraded land was determined at pixel level by applying Universal Soil Loss Equation (USLE); although levels of soil degradation are clearly identified by USLE and they can be potential candidates for ecological restoration by revegetating, they cannot be feasible to restore because are located in distant places making them difficult or impossible to revegetate. Thus in this approach we proposed a cross-tabulation matrix approach to identify those places that present two factors: eroded soil and are near to road/town. So, the main objective of this work is to identify suitable and feasible sites for ecological restoration in the Priority Region for Conservation Xilitla, in the Huasteca Potosina region (Mexico) by combining the use of the Universal Soil Loss Equation (USLE) with Multi-Criteria Decision Analysis.
Material and Methods

Study Area
The Priority Region for Conservation Xilitla (RPCX) is situated to the southeast of the state of San Luis Potosí (municipalities of Xilitla, Huehuetlán and Aquismón), and in the northeast of the state of Querétaro (including the municipalities Landa de Matamoros and Jalpa de Serra) in northern Mexico. The geographical location is in UTM zone 14 (21 • 17 46"-21 • 33 11" N; 99 • 10 40"-98 • 59 12" W, mostly contained in the municipality of Xilitla (Figure 1 ). The study area is located in the mountains of the Sierra Madre Oriental. Elevations range from 2950 m.a.s.l. in the highlands to 50 m.a.s.l. in the coastal plain. Wind moisture coming from the Gulf of Mexico generates an average annual precipitation of 3038 mm, and a minimum precipitation of 58 mm in the driest month of the dry season (from November to April) and a maximum precipitation of 671 mm in the rainiest month (from May to October). While, average annual temperature is 22 • C, with a minimum average of 17 • C in the warmest month and an average maximum of 26 • C in the coldest month. There are two climate types based on Köppen's classification: Cfa [Humid subtropical with rain during all year] and Cwa [Humid subtropical with dry winter]. The soil types present in the study area are as follows: Leptosols (85.9%), Luvisols (12.2%), Feozems (1.1%) and Vertisols (0.6%). Texture varies from clay and silty soil. Vegetation type varies from cloud forest, pine forest, oak forest and pasture; however cloud forest is increasingly scarce and is located in steepest hills and poorer soils such as regosols and leptosols [32] . However, invasive plants are common in all vegetation types within the study area because of the high presence of ecological disturbances e.g., land use change mainly caused by forest fires and shifting agriculture ( Figure 2 ). 
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Methodology
This research was carried out in three phases. Firstly, we used the Universal Soil Loss Equation to estimate soil erosion rate as a proxy of an urgency measure for restoration. Secondly, the Multi-Criteria Decision Analysis was applied for identifying those bare soil locations and determining its feasibility to be restored considering proximity factors. And therefore, we combined both USLE and MCDA outcomes by using a cross-tabulation matrix to identify priority land for being restored.
Universal Soil Loss Equation as a Proxy for Soil Degradation Assessment
Soil erosion was estimated by using the following equation [33, 34] :
where SLR is the average soil loss rate (ton·ha −1 ·yr −1 ), R is the factor for precipitation erosivity (MJ·mm·h −1 ·ha −1 ·yr −1 ), K is the factor for soil erodibility (t·h·MJ −1 ·mm −1 ), LS is the combined factor for slope length and steepness (dimensionless), C is the factor for land use and land cover (dimensionless), P is the factor for management practices focused on soil conservation (dimensionless). The original variables used for determining factors used in the USLE are shown in Figure 3 . 167 meteorological stations to establish 14 regions of isoerosivity [35] . The RPCX is located within in the 168 region 13, so the formula used is as follows:
where, R is the rainfall erosivity (MJ.mm/ha.hr.yr) and, P is the mean annual precipitation (mm). In
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order to obtain the annual average precipitation (P), data from 51 meteorological stations located in the area of influence (last 30 years), were interpolated by using the kriging approach in the ArcGIS geostatistical analyst tool. We used an ordinary kriging type, with Log transformation to make 173 variances more constant over the entire study area and force the data to be normally distributed. The Factor R. Rainfall erosivity expresses the potential energy of raindrops to release particles from the soil and cause erosion. This index was used for a rainfall event with a maximum intensity of 30 min (EI30). For Mexico, an isoerosivity map was done at country level by analyzing 53 meteorological stations to establish 14 regions of isoerosivity [35] . The RPCX is located within in the region 13, so the formula used is as follows:
where, R is the rainfall erosivity (MJ·mm·ha −1 ·hr −1 ·yr −1 ) and, P is the mean annual precipitation (mm). In order to obtain the annual average precipitation (P), data from 51 meteorological stations located in the area of influence (last 30 years), were interpolated by using the kriging approach in the ArcGIS version 10.2 geostatistical analyst tool (Environmental Systems Research Institute, Inc., Redlands, CA, USA). We used an ordinary kriging type, with Log transformation to make variances more constant over the entire study area and force the data to be normally distributed. The interpolation was validated by using a cross-validation technique that eliminates an observation from the dataset, fits the statistical model with the other observations, calculates the precipitation value for the eliminated observation and determine the bias (observed minus estimated value) and then determines the root mean square error (RMSE). The RMSE obtained was 283.9 mm. K factor. Erodibility refers to the physical soil property of being eroded by water i.e., precipitation and runoff. Some characteristics influence on the degree of erodibility e.g., soil structure (texture, organic matter content). In order to obtain information about soil type and texture, we used soil data at 1:250,000 scale generated during 2002-2006 by INEGI [36] . Due to the study area was in a forested landscape, further-detail soil maps were not available for the study area. For Mexico, national covering for soil map at 1:50,000 scale is only available for agricultural valleys in the country. The soil classification used was the World Reference Base for Soil Resources. The values of erodibility used in this work were obtained by FAO [37] (Table 1) . (3) where A is the low accumulation multiplied by cell size (m, 30 m for this case), B is the slope angle in radians. Both, flow accumulation and slope in radians were calculated using a digital elevation model obtained for the study area at 30 m pixel size from INEGI [40] .
C factor. This measures the percentage of soil that can be lost when protected by a land cover type. The less vegetation cover exists, the bigger value for C factor, and then the greater soil loss. Vegetation cover represents a variable for decreasing or controlling erosion, by intercepting precipitation, increasing infiltration and reducing rainfall energy to erode soil. Figueroa et al. [41] P factor. It refers to the impact of protecting soil from erosion by means of management practices, since they reduce runoff and consequently, the amount of soil that can be removed. It is defined as the relationship between, the amount of soil loss when protected by a conservation practice e.g., contour farming and/or terracing, to the amount of soil loss on a land cultivated in the direction of slope [43] . Commonly, this factor is obtained by digitizing conservation management practices identified in high resolution aerial imagery. But, in this case, there was no possible to detect visually in high spatial resolution imagery any soil conservation management practices; so, we used the most critical value (highest possible: 1), indicating that there was no conservation practices in the study area [44] . Once each factor was obtained, soil loss rate was calculated and classified into five classes: very low from 0 to 50 ton·ha −1 ·yr −1 , low from 50 to 100 ton·ha −1 ·yr −1 , middle from 100 to 150 ton·ha −1 ·yr −1 , high from 150 to 200 ton·ha −1 ·yr −1 , and very high higher than 200 ton·ha −1 ·yr −1 .
Multi-Criteria Decision Analysis for Determining Feasible Area to Restore
Factors used: distance to town/road
This approach was used to prioritize the land to be restored considering two factors and a constraint. First factor considered was population, because it is important when designing projects for ecological restoration [45] . So, 337 neighboring towns from the Priority Region for Conservation Xilitla were selected based on data from the National Institute of Statistics and Geography [46] . Hence, a map of the Euclidean distance to town at a 30 m spatial resolution was generated. Second factor was the accessibility to the priority areas to ensure the viability of the restoration project. So, the National Road Network (RNC) data was used to make the map for the factor distance to road [47, 48] . Both factors (distance to town/road) were used. i.e., if the place is near to a town/road, then it is most suitable; if far, then least suitable.
Fuzzyfication process is required to standardize variables with different units of measurement and scale; it can be done by changing a real scalar value into a fuzzy value (0-1) by using a membership function. In this case, factors used are the variables distance to road/town, measured in meters. So that they are comparable and combinable, they have to be standardized by using a membership function. In this sense, such two distance factors were standardized by using a monotonically decreasing membership function denoted by the following expressions:
where, D is the distance to town/road, X i is the standardized factor i with the membership functions. In other words, the highest land suitability value = 1 was for the distance from 0 m to 1000 m and gradually decreased to 0 for those places located at/or beyond 2000 m.
In order to combine the distance to town/road map against the bare soil map, we used the weighted linear combination approach [25, 49, 50] . The importance values for factors were assigned equally and assumed to be 0.5. The used formula is as follows:
where, F is the land feasibility to be restored, w i is the weight for factor i and it is equal to 0.5, x i is the standardized factor i with the membership functions;
c j is the product obtained by the j constraints.
i.e., bare soil obtained from a supervised classification of Landsat 8 OLI imagery spectral data. Once land feasibility was obtained, it was classified into five classes: very low from 0 to 0.2, low from 0.2 to 0.4, middle from 0.4 to 0.6, high from 0.6 to 0.8, and very high-higher than 0.8.
Constraint used: bare soil map
In order to create the bare soil map for the study area, a satellite image taken by the Landsat 8 Operational Land Imager sensor during 2 January 2016 was downloaded from the Glovis Next Platform USGS and USDI [51] . The spectral bands used were as follows: Band 2-Blue (0.450-0.515 µm), Band 3-Green (0.525-0.600 µm), Band 4-Red (0.630-0.680 µm), Band 5-Near InfraRed (0.845-0.885 µm), Band 6-Short Wave InfraRed1 (1.560-1.660 µm), and Band 7-Short Wave InfraRed2 (2.100-2.300 µm). Such spectral bands were radiometrically corrected by using the following formula [52, 53] :
where, P λ is the Top-Of-Atmosphere (TOA) reflectance with correction for solar angle (dimensionless); Mp = Band-specific multiplicative rescaling factor from the metadata, called as REFLECTANCE_MULT_BAND_x, where x is the band number; Qcal = Quantized and calibrated standard product pixel values (DN); Ap = Band-specific additive rescaling factor from the metadata, called as REFLECTANCE_ADD_BAND_x, where x is the band number); sin(θse) = Local sun elevation angle. The scene center sun elevation angle in degrees is provided in the metadata found as SUN_ELEVATION.
After applying the radiometric correction to spectral data, we carried out a supervised classification by using the Vector Support Machine (SVM) algorithm. This approach employs a decision value for each landuse/landcover class to classify the pixel; in other words, a cut-off criterion is assigned (minimum probability value) as the basis for the inclusion or not of the pixel within the land use/land cover class. So, the classes are spectrally separated by a decision surface (optimal hyperplane) that maximizes the margins between classes. The nearest data (support vectors) to the optimal hyperplane are defined from training fields, which are critical elements for classification [54] . For this work, training fields were carried out for five classes: water, woodland, pasture, agriculture and bare soil, which were obtained by using a vegetation and land use map Series V [42]. The supervised classification was validated by carrying out a contingency matrix built with 100 sampling sites obtained from surveying in high spatial resolution images Google Earth platform (Google Inc., Mountain View, CA, USA). Both, the overall precision and Kappa values were 0.90 and 0.86, respectively. In consequence, the bare soil data was extracted from the created land use/land cover map, obtained from the output of the support vector machine supervised classification of Landsat 8 OLI spectral data and, it was used as a constraint in the MCDA approach ( Figure 4 ). 
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Cross-Tabulation for Determining Priority Land to Restore
In order to select priority sites for restoration, some authors have proposed to select the top 5%, 10%, 20%, and 30% of priority areas for restoration according to several criteria [18] . However, others have compared two involved factors (i.e., environmental services and environmental risks) and selected places that maximized the value in both of them [8] . In this work, once obtained both, degraded and feasible land to restore, three levels of priority (low, middle and high priority) were determined by simply overlaying them and following the next rules (Table 2) . To design the decision strategy in order to select the priority sites for restoration, we divided the cross-tabulation matrix into four quadrants; the fourth quadrant was considered from middle to very high classes in both factors (soil erosion and feasibility) and was divided symmetrically in order to distribute equally the three levels of priority. The rationale of this approach was to identify the highest valued areas considering both two factors. In this case, we considered that selecting fourth quadrant would fulfill this requirement. In Figure 5 is briefly described the methodology applied in this work. 
Results
The study area is covering 34,022.8 ha and, 13.4% of that area (4226.7 ha) is uncovered by natural vegetation (bare soil). Furthermore, 92.0% of bare soil within the study area (3890.5 ha) has climatic, edaphic, topographic conditions that lead middle, high and very high levels of soil erosion rate; while, 95.3% of the bare soil land (4030.7 ha) falls within the area with high and very high feasibility to restore. Thus, when combining USLE and MCDA outcomes, it can be revealed that 88.2% (3728.3 ha) of land is, both urgent (USLE) as well as feasible (MCDA), so it becomes a priority for restoration. Table 3 shows both, the land classified by soil erosion rate by feasibility to restore.
In Figure 6 , are presented the maps obtained for, a) soil erosion calculated with the Universal Soil Loss Equation (USLE), b) the spatial distribution of feasible sites to be restored obtained with Multicriteria Decision Analysis (MCDA), and c) the priority areas to restore by combining two both approaches. Such maps only include bare soil pixels for being potentially ecologically restored. In Figure 5 . Flowchart of the methodology used.
The study area is covering 34,022.8 ha and, 13.4% of that area (4226.7 ha) is uncovered by natural vegetation (bare soil). Furthermore, 92.0% of bare soil within the study area (3890.5 ha) has climatic, edaphic, topographic conditions that lead middle, high and very high levels of soil erosion rate; while, 95.3% of the bare soil land (4030.7 ha) falls within the area with high and very high feasibility to restore. Thus, when combining USLE and MCDA outcomes, it can be revealed that 88.2% (3728.3 ha) of land is, both urgent (USLE) as well as feasible (MCDA), so it becomes a priority for restoration. Table 3 shows both, the land classified by soil erosion rate by feasibility to restore. Figure 6 presented the maps obtained for, (a) soil erosion calculated with the Universal Soil Loss Equation (USLE), (b) the spatial distribution of feasible sites to be restored obtained with Multicriteria Decision Analysis (MCDA), and (c) the priority areas to restore by combining two both approaches. Such maps only include bare soil pixels for being potentially ecologically restored. Table 4 presented the detail of areas resulted from the cross-tabulation matrix. Table 4a is all possible combinations of classes for two factors and their area involved. Note that they are only for the nine pairwise comparisons that fulfilled the criteria of the fourth quadrat of the cross-tabulation matrix and Table 4b is the summarize of them. Thus, 2000.5 ha (49.7%) of land were identified with a high priority, 869.67 ha (21.6%) of land was determined as middle priority and finally 858.1 ha (21.3%) of land was as low priority. And Table 4c is the code for USLE/MCDA description used in Table 4a ,b. When observing Figure 6 , it is highly appreciated that soil degradation is concentrated in the center-south portion of the study area, and soil degradation increases while closer to the core city of Xilitla. A maximum degradation can be observed in the locality of Ahuacatlán de Jesús, within the municipality of Xilitla (99 • 03 10" W, 21 • 19 13" N) , where the detail achieved with this study for detecting priority areas for making forest restoration management practices, at 30 m spatial resolution, can be appreciated. At the north portion of the study area (Municipality of Aquismon), a diminishing presence of bare soil spots was detected. In Figure 6 
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337 Figure 6 . Degraded land in the Priority Region for Conservation Xilitla. (a) soil erosion rate by USLE, (b) feasible land to restore according distance to town/road by applying MCDA, (c) priority areas for restoration integrating USLE and MCDA; (d-f) are a zoom-in to a detailed location into the study area. 
Discussion
This work proposed a new methodology to find the suitable sites for ecological restoration in the Priority Region for Conservation Xilitla Mexico. Such an approach combined the Universal Loss Soil Equation and Multi-Criteria Decision Analysis to find out, at pixel level, the urgent and feasible sites for ecological restoration. The evaluation method employed in this work for evaluating the feasibility of ecological restoration was the Weighted Linear Combination. The USLE model [21, 55, 56] and MCDA approach [49, [57] [58] [59] [60] [61] [62] has been normally used separately for a variety of applications. In this work, they were used as complementary. The innovative contribution of this work is the integration of two approaches by using a cross tabulation matrix for assigning the priority for restoration considering the two factors, soil erosion rate (USLE model) and feasibility (MCDA) to restore.
Environmental changes are related to a variety of social, economic and political conditions [63] ; therefore, spatial models that incorporate social and economic factors interacting with biophysical processes over space and time, represent an alternative with a broad field of conceptual and methodological development [64] . High spatial resolution remotely-sensed data, i.e., Landsat 8 OLI at 30 m spatial resolution, is a useful source of spectral information to obtain the bare soil as a basis for degraded soil assessment. Several authors have also used Landsat satellite imagery, in many ways, within the methodology for estimating soil erosion. For example, Parveen and Kumar [43] used Landsat TM data to estimate C-factor by using the following equation: C = e (−α( NDVI β−NDVI )) , where C is the C-Factor, a and b are dimensionless parameters determining the shape of the curve that relates the so-called Normalized Difference Vegetation Index (NDVI) and C-factor. Wang et al. [65] used Landsat TM and HJ satellite data to obtain land use and land cover fraction using object oriented classification for assessing soil erosion risk within a Multi-Criteria Decision Analysis framework. Borelli et al. [13] used Landsat TM and ETM sensors as ancillary data source for detecting clear-cutting at pixel level, via image differencing. Such information was used to measure the impact of clear-cutting on soil erosion in Italy. All of them represent different rationale/approaches of use of remotely sensed data when assessing soil erosion risk. In this work, we used Landsat spectral data for determining bare soil by applying the support vector machine algorithm [54] in order to find those most urgent sites that require to be ecologically restored. It is important to mention that, the quality of results obtained is often limited by the level of detail of the available data sources i.e., spatial and temporal. In our case, there was only availability of Landsat spectral data at 30 m spatial resolution [66] , so the level of detail achieved can be improved; thus, further research can be addressed to use higher spatial resolution sensors i.e., Geoeye, Worldview or Quickbird, in order to find, more accurately, the bare soil land that urgently requires being ecologically restored. However, the large size of study area and the cloudy environment make difficult to build a seamless dataset with high spatial resolution imagery that cover all the study area.
Distance to roads [48, 67] and distance to town [68, 69] were considered to be sufficient number of variables required to the MCDA modeling, because the interest of this research was, on where are the nearest sites to restore that are more urgent. Such a sites are planning to be restored by revegetation with local species to assure regeneration of the forest site. So, the best places to accomplish this objective were those that are most eroded and near to towns and roads. The interest of restoring in this natural protected area is to prevent from erosion. There are not water bodies in the study area; the value of land, in terms of real state, can be neglected because it is a sparsely populated, rural area. Probably, the environmental service of habitat for wildlife could be considered, but, in this case, the only motivation was how to protect more efficiently soil from erosion by revegetation in this Priority Region for Conservation Xilitla.
Several approaches have been developed for delineating priority sites for restoration. Some authors have carried out studies on land use change (i.e., deforestation) by using two date maps created by remotely-sensed data, in order to detect deforested land, and making it candidate for restoration [6, 70, 71] . Others have identified priority areas for restoration according to environmental quality. For example, Rahman et al. [30] identified by designing an environmental quality index encompassing a set of factors such as landscape ecology, natural hazards, climate, topography, soil environment and demography by coupling remotely sensed and geospatial information in a multi-criteria decision analysis; the lower environmental quality index, the higher priority for environmental restoration.
This study area has been affected by climate change because it has been experienced drought during the last twenty years [72, 73] . Furthermore, high rates of change to which ecosystems are subjected suggest urgent attention to deforestation and degradation [74] . Deforestation processes in the RPCX could lead to increase erosion and landslide events, mainly due to forest cover conversion [75, 76] . Moreover, intense rainfall events presented in the barlovento region of the Huasteca Potosina, trigger soil erosion on bare land. Subsequently, soil loss rate is a serious problem for maintaining an ecosystem healthy, because soil supports all living organisms into the ecosystem and once lost, it is very difficult to recover. Thus, forest restoration activities must be carefully planned in order to identify the best places for growing tree species for soil recovery.
The Mexican government through several institutions has been always shown a strong interest in conserving/restoring and managing ecosystems while promoting sustainable development [31] . In order to achieve sustainability goals, it is mandatory to implement adequate approaches for both assessing land degradation and proposing suitable alternatives for ecosystem restoration. Hence, the relevance of the application of this methodology is, for optimizing the use of economic funds for ecological restoration activities.
In Mexico, there are a total of 177 natural protected areas by the federal government [77] and only a half of them has management program for protecting natural resources. In several management programs are indicated the requirement of spatially evaluating soil erosion in order to locate specifically the areas for ecological restoration. However, there is a lack of detailed maps depicting soil erosion in such management programs of natural protected areas (please visit http://www.conanp.gob.mx/ movil/programas.php). So, there is a current need for making studies that can be used as a tool for stakeholders and decision makers for planning ecosystem restoration practices.
The proposed methodology constitutes a reliable tool for selecting sites for revegetation in Mexico, becoming relevant given the great richness of biodiversity of the country [78] . Particularly, for natural protected areas, this study means a contribution to the knowledge of science due to the lack of scientific reports of its kind, and especially to the threats faced by future ecological processes [79] . That is, the concern of revegetating degraded areas, is consistent with the processes of ecological succession [80] . Consequently, the proper identification of urgent areas to be restored is the first step. In addition, the anthropogenic causes in their role of explanatory variables [6] , give scientific support to the results ( Figure 6 , Table 3 ). These indicators represent crucial elements of decision-making for local managers [81] , so additional research efforts to balance the effectiveness of landscape management [82] with socio-economic interests [83] are not ruled out. Ecological restoration is a manipulative activity and explicitly experimental [71] , so we would like to specify that our approach can be used as an alternative, to spatially locate the sites that require an urgent work for ecosystem restoration and besides are feasible to restore.
Conclusions
The combination of the Universal Soil Loss Equation (USLE) and Multicriteria Decision Analysis (MCDA) to prioritize the sites to be ecologically-restored was applied in the Priority Region for Conservation Xilitla, in the state of San Luis Potosí (Mexico). Thus, an integral approach was used to locate sites for restoration as well as their prioritization considering the feasibility determined by the distance to town and road. In this research work, after processing Landsat 8 OLI spectral data, we found out that 13% (4226.94 ha) of the total area of the Priority Region for Conservation Xilitla is covered by bare soil. The methodology applied in this research also figured out that higher than 90% of bare soil is in middle, high and very high levels of soil erosion rate; and 88.20% of bare soil land (3728.34 ha) is priority to restore. Soil erosion is not uniformly distributed within in the study area; it can be commonly visualized in the eastern part of the Priority Region for Conservation Xilitla, with a north-south pattern and following the main road, becoming a serious problem near to Xilitla. This methodology is transparent and replicable, so it could be used by stakeholders, in other latitudes with local adaptations, in order to wisely destine economic funds for planning and making forest ecosystem restoration practices in natural protected areas around the world.
